
Supplement 1: Additional Model Rationale: 

Here we provide additional context for our rationale behind the model methods. The 

sub-headings refer to the same sub-headings as in the main manuscript methods 

section.  

 

Developing a quantitative scale of resistance: 

IR has many different definitions including survival in bioassays (WHO cylinder or CDC 

bottle), experimental huts, etc and there is no single clearly-defined scale that can be 

used to describe a “resistance phenotype” because this depends on the how the 

phenotype is measured. For example, survival in a bioassay may differ from survival 

in an experimental hut or insecticide sprayed wall in a house.  For many quantitative 

traits this is a trivial process, where the trait of interest also corresponds to the amount 

of something produced, especially in agriculture and selective breeding where 

quantitative genetics is frequently leveraged. In contrast, resistance to insecticides is 

generally measured as a binary outcome as individuals either survive or die exposure.  

The Response to Selection: 

The value of 𝛽 was calculated empirically so that, on average, insecticides under 

continuous usage would have an “insecticide lifespan” of approximately 100 mosquito 

generations (~10 years) in the absence of fitness costs or migration. We define 

“insecticide lifespan” as the time to the withdrawal threshold of 10% bioassay survival. 

This was achieved by sampling the parameter space of the female insecticide 

exposure (𝑥), male insecticide exposure (𝑚) and heritability (ℎ2) to calculate values of 

the response (𝑅) using equation 4. The value of 𝛽 was changed until this distribution 

centred around  𝑅=1, which was found to be 𝛽=10 (Figure 2). This is the critical part 

that calibrates/validates our PRS scale of z. It means that if z=0 at the start of the 



simulation (i.e., IR is absent) it should usually reach a value of z=100 (giving 10% 

bioassay survival, see Equation 1(a)) after around 10 years of continuous deployment. 

The value of 10 years was selected as a reasonable time, based on experience (and 

expectation) that insecticides take roughly 10 years (i.e., ~100 generations) of 

deployment before starting to fail (a >10% survival rate is regarded as indicative of 

potential for future failure (WHO, 2018)). It is, however, user-defined, and the 

simulations could be recalibrated by changing 𝛽 so that the “insecticide lifespan” is 

reached (i.e., 10% bioassay survival) most frequently occurs after 5, 15, 20 years of 

deployment according to operator beliefs on likely timescales and the threshold at 

which insecticide withdrawal should occur. 

Fitness Costs: 

The simplest way of incorporating a fitness cost would be to set it as an absolute value 

defined as the reduction in 𝑧 to be applied each generation. However, the same 

absolute decrease in 𝑧 could be sufficient to prevent the evolution of resistance in 

simulations where selection is weak or could have only a marginal impact in 

simulations where selection is very strong. 

Importantly any given value of ψ  now has the same impact in all runs when simulating 

over numerous parameter combinations, making its effect constant and hence its 

impact can be better estimated. ∆𝑐𝑧̅ is the change in the mean PRS per generation as 

a result of the fitness costs associated with the resistance genes (ψ), noting that is 

trivial to set ∆𝑐𝑧̅ = 0 if costs are assumed to be absent. We first calculate the response 

as though the insecticide was present (in the intervention site), before multiplying this 

response value by the fitness costs. This helps to ensure the fitness cost is smaller 

than the response allowing resistance to take-off when 𝑧 is small. 



Special Case 1: Cross resistance and cross-selection between insecticides: 

As all the traits measured in this model are on the same scale (e.g.,  𝑧=100 for trait 𝐼 

is 10% bioassay survival to insecticide 𝑖, and z=100 for trait 𝐽 is 10% bioassay survival 

to insecticide 𝑗), there is  no need for regression/variance coefficients to translate 

between different scales as would arise if, for example, finding the degree of cross 

selection between selection of wing length (mm) and body mass (mg) as the two traits 

are on different scales), and we can assume a simple correlation between the traits. 

For example, if the genetic correlation is 10% between trait 𝐼 and trait 𝐽, then 

insecticide selection causing a one-unit increase in 𝑧𝐼 would cause a 0.1 unit increase 

in 𝑧𝐽. 

 

 

Special Case 3: Cross resistance and Selection with Mixtures: 

Our methodology can be extended to track more than two insecticides so it would 

technically be possible for the tracked insecticide to not be deployed in the currently 

deployed mixture. This would occur if insecticide 𝑖 is being tracked, while a mixture 

containing insecticide 𝑗 and 𝑘 was deployed. In this instance there is indirect selection 

on trait 𝐼 from insecticide 𝑗 and insecticide 𝑘. There is therefore indirect selection on 

trait 𝐼 from insecticide 𝑗 scaled by survival to insecticide 𝑘. There is also indirect 

selection on trait 𝐼 from insecticide 𝑘 scaled by survival to insecticide 𝑗. 

𝑧𝑡̅
𝐼′

=  (𝑧𝑡̅
𝐼 −  ψ𝑖𝑅𝑖) +   (𝐾𝑘

𝐹𝛼J𝐼(𝑅𝑗 − ψ𝑗𝑅𝑗))  +  (𝐾𝑗
𝐹𝛼𝐾𝐼(𝑅𝑘 − ψ𝑘𝑅𝑘))     

  Equation 8(a(ii)) 



Note, in our simulations, we only use two insecticides, therefore all mixture simulations 

use only equation 7a(iii), however equation 8a(ii) is presented for completeness and 

demonstrates this modelling framework can extend to allow simulations with more than 

two insecticides.  
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